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Abstract 
The most widely-used function of Glycyrrhiza uralensis in clinical is regulating property of other drugs, but its 
mechanism is not explicit. In order to reveal its mechanism, we carried out metabonomics study. The exported 
LC/MS data were processed by mixOmics package with R. PCA function-including PCA, iPCA and sPCA, PLSDA 
including valid, and VIP were used to perform pattern recognition. Ability of different functions was evaluated. The 
results showed PLSDA has powerful discriminative ability of pattern recognition. The mixOmics package is a very 
useful tool for pattern recognition in metabonomics study. 
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1. Introduction 
 Glycyrrhiza uralensis (licorice) is a traditional Chinese medicine that has been used clinical for 
centuries in Asian and European countries. Its effects include regulating property of other drugs, 
improving the function of spleen, circulating blood，moisturizing lung, ceasing coughing and so on. One 
of the most important functions of licorice is regulating property of other drugs, which is the most widely-
used function in clinical. But up to now, its mechanism of regulating drugs’ property is not explicit. 
Metabonomics is a valuable technology for measuring relative concentrations of endogenous small 
molecules in biofluids and characterizing the changes of the metabolites occurring in organisms [1]. 
Through pattern recognition and biomarkers selection, metabonomics could be a useful tool for 
discovering mechanism of drugs action. So we carried out metabonomics study to observe licorice action 
on normal rats. R is a language and environment for statistical computing and graphics. R provides a wide 
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variety of statistical and graphical techniques, and is highly extensible. [2]. The package mixOmics in R 
supplies two efficients methodologies: regularized CCA and sparse PLS to unravel relationships between 
two heterogeneous data sets of size (nxp) and (nxq) where the p and q variables are measured on the same 
samples or individuals n. [3,4]. In this work, we used mixOmics package with R to perform pattern 
recognition of licorice metabonomics on normal rats to lay the foundation of discovering its mechanism of 
regulating property of drugs. 
2. Methods  
2.1. Chemicals and drugs 
Acetonitriles (chromatographic pure, TEDIA, USA), formic acid (chromatographic pure, DIMA, 
USA), ultrapure water(Sartorius, GER). Extract of licorice was provided by Pharmaceutical teaching and 
research section, School of Pharmacy, Shenyang Pharmaceutical University.  
2.2. Experimental method 
SPF male Sprague-Dawley (S.D.) rats (weighing 200±20 g) were commercially obtained from the 
medical laboratory animal center of Guangdong province. Before the experiments, rats were maintained 
under standard laboratory conditions (25±1℃, 45±15% relative humidity, and 12 h/12 h light/dark cycle) 
with food and water freely available for one week. The experimental procedures were approved by 
national legislations of China and local guidelines. All rats were randomly divided into 2 groups (each 8 
rats): Control and licorice (0.15 g/kg/day) group. Each group orally administered to the rats for 13 days, 
the control group received water. 
All rats urine samples were collected over night (12h) by metabolism cages, and rats were fastened 
with free access to water. After centrifugation at 3000rmp for 10 min to collect the supernatants, samples 
were stored at -20℃ until UPLC-Q-TOF/MS analysis. 500μL urine sample and 500μL Acetonitrile were 
mixed in a shaking incubator block for 2min, then centrifugated at 3500rmp for 10 min. Each 800μL 
aliquot of urine sample was filtered(0.22μm) to a screw-top glass tube for UPLC-Q-TOF/MS analysis. 
ACQUITY UPLCTM (Waters,USA) chromatographic system with autosampler, vacuum degasser and 
column oven was used. The analytical column was an ACQUITY UPLC BEH C18 column (1.7μm, 
50×2.1 mm) with a VanGuard Pre-Column (BEH C18 1.7μm, 2.1×5mm). The flow rate was 0.3 mL/min 
and the column temperature was 40℃. The eluents used were (A) aqueous 0.1% formic acid (pH 2.75) 
and (B) 0.1% formic acid- Acetonitrile. Gradient elution: 0-0.5min, 98%A；2.0min, 95%A；7min, 
70%；10.0-12.0min, 0%A；13.0-15.0min, 98%A.. LC/MS data were recorded with a Micromass oa-Q-
Tof (Waters, USA) equipped with ESI ionization source. Both positive and negative ion mode was 
applied for all urine samples. Basic parameter conditions were capillary, sample cone and extraction cone 
voltages 3500(ESI+)/3200(ESI-), 30 and 2V, desolvation and nebulization N2 flows 600 and 60L/h, 
desolvation and source temperatures were 350 and 100℃, respectively. The measurements were made 
with electron impact ionization (70 eV) in the full scan mode (m/z 50–1000). 
2.3. Data preprocessing 
The Acquity UPLC/Q-TOF micro system was operated under MassLynx 4.1 software (Waters, USA), 
which also was used to process the measured LC/MS data. MarkerLynx is a software package of 
Masslynx. It uses ApexTrack peak detection to integrate peaks. No specific mass or adduct was excluded. 
A list of the intensities of the peaks detected was generated for the first sample, using retention time (RT) 
and m/z data pairs as the identifier of each peak. The resulting three-dimensional matrix involving peak 
index (RT–m/z pair), sample names (observations), and normalized peak area percent were introduced 
into R software through RandFriends [5] to be processed. Package of mixOmics was loaded to be used. 
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3. Results and discussion 
3.1.  PCA 
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(d)                                                                         (e)                                                              (f) 
Fig.1. PCA scores of rats model groups:(a) negative mass mode PCA;(b)positive mass mode PCA;(c) negative mass mode iPCA;(d) 
positive mass mode iPCA;(e) negative mass mode sPCA;(f) positive mass mode sPCA 
In package mixOmics, there’re several PCA methods.PCA is a technique which, quite literally, takes a 
different viewpoint of multivariate data. Ipca Performs independent principal component analysis on the 
given data matrix, a combination of Principal Component Analysis and Independent Component Analysis. 
Spca performs a sparse principal components analysis to perform variable selection by using singular 
value decomposition. The PCA result is shown as Fig.1. According to above figure, the pattern 
recognition ability of pca poorer than ipca, and similar to spca. Compared with in negative mass mode, in 
positive mass mode the two groups (licorice and control) are discriminative more significantly. 
3.2.  PLSDA 
Function to perform standard Partial Least Squares regression to classify samples. In package 
mixOmics, fuction valid estimate measures of the prediction error for fitted PLS, sparse PLS, PLSDA and 
sparse PLSDA models. M-fold and leave-one-out cross-validation are implemented. The PLSDA and 
valid results are shown as Fig.3.From below figure, pattern recognition ability of PLSDA much better 
than PCA, the difference between licorice and control group is very clear. The prediction error of PLSDA 
with valid chart showed prediction error of PLSDA model was very satisfactory, especially in positive 
mode, it’s zero. 
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(c)                                                                                   (d) 
Fig.2. PLSDA scores of rats model groups:(a) negative mass mode PLSDA;(b) positive mass mode PLSDA;(c) prediction error of  
PLSDA with valid in negative mass mode;(d) prediction error of  PLSDA with valid in positive mass mode 
3.3. VIP
The function vip computes the influence on the Y-responses of every predictor X in the model. 
Variable importance in projection (VIP) coefficients reflect the relative importance of each X variable for 
each X variate in the prediction model. The VIP plot is shown below as Fig.3.As the figure indicated, 
numerical values of VIP in negative mass mode are larger than positive mode, these variables were more 
important than other variables in positive mode.  
4. Conclusions 
In this work, we carried out study of effect of licorice on normal rats by metabonomics method and 
used mixOmics packages with R to analyze mass data. We evaluated ability of pattern recognition of 
different functions in the package. According to the result of data processing, PCA, iPCA and sPCA’s 
ability of pattern recognition are poor, PLSDA has powerful discrimination ability. Compared with in 
negative mass mode, in positive mass mode the two groups (licorice and control) are discriminative more 
significantly. In brief, the mixOmics package is a very useful tool for pattern recognition in 
metabonomics study. This work laid the foundation for biomarkers selection of function to regulate drug 
property of licorice. 
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(a)                                                                                       (b) 
Fig.3. VIP plot of PLSDA model:(a) negative mass mode;(b)positive mass mode 
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